This article investigates the causal links between health and employment status. To disentangle correlation from causality effects, the authors leverage a French panel survey to estimate a bivariate dynamic probit model that can account for the persistence effect, initial conditions, and unobserved heterogeneity. The results highlight the crucial role of all three components and reveal strong dual causality between health and employment status. The findings clearly support demands for better coordination between employment and health public policies.
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Background
Health changes and labour market instability both have important impacts on individual well-being, which strongly guide policy makers in defining rules for health insurance, unemployment benefits, and/or retirement. A substantial empirical literature stresses the links between health and labour market risks, yet the precise relationship between the two phenomena remains unclear, leaving the design of appropriate public policies uncertain as well, especially because policies in the labour market can produce health effects (and vice versa).
Early empirical studies focused on one-way causality, such that health conditions explained labour market transitions or vice versa. For example, in [1] pioneering study, people's health determines their labour participation decisions, and [2] confirms that disabilities strongly affect labour participation. As an endowment of human capital, health determines productivity and preferences for work versus leisure [3] . One study by Stewart [4] exhibits the impact of health on the duration of unemployment and one another by Garcia-Gomez et alii [5] shows that *Correspondence: erdelattre@gmail.com 1 ThEMA, Université de Cergy-Pontoise, 33 bd du Port, 95011 Cergy-Pontoise, France Full list of author information is available at the end of the article health impacts on exits out of and entries into employment. Moreover, two complementary results emerge from a literature review [6] . First, poor health affects everyone's labour choices, but the impact is especially powerful among the elderly, such that health problems significantly increase choices to retire [7] [8] [9] [10] [11] , and retirement decisions often represent an attempt to preserve health [12] . Second, the impact of a person's health varies with the type of health deterioration. Chronic diseases, such as cancer [13] , diabetes [14] [15] [16] , mental illness [17, 18] , and disabilities [2] seem to have the strongest effect on individual transitions in the labour market.
In addition, employment status has implications for health. For example, unemployment and inactivity slightly increase the risks of cardiovascular diseases [19] , cancer, or mental illnesses [20, 21] . Morris et al. [22] using British data and [23] using Australian data confirm that a loss of employment increases mortality risk. Mesrine [24] shows that this impact is even greater following long spells of unemployment. The pecuniary and nonpecuniary effects of inactivity and unemployment on health help explain these empirical findings. Unemployment usually decreases the health care resources available to the person, so it can affect health over the long-term.
To pursue the topics of causality, some authors do analyze the pathways between the two phenomenons (see Schmitz [25] ). For example, unemployment and nonparticipation in the labour market damage people's selfesteem [20, 21] and decrease their sense of well-being [26, 27] . Persistent unemployment and inactivity thus create threatening conditions for health. Conversely, being employed can have some deleterious effects on health, such as by increasing the risk of stress, professional illness and work accidents. Thus, [28] uses economic data to argue that bad working conditions and work pain cause damage to people's health. Using a matching approach with the French Health Survey 2002, [28] shows that workers exposed to poor working conditions consult physicians 25% more than those who are not. Hamon-Cholet and Sandret [29] similarly find, with French data, that noisy jobs increase the professional accident rate to 25%.
However, the links between health and labour status may be more complex than a one-way form of causality. Recently, some authors have emphasized the need to correct for endogeneity between health [16, 30, 31] and labour market transitions [32] . Neglecting endogeneity can cause strong estimate biases. For example, [33] analyses of the European Working Conditions data set indicate that the fear of involuntary job loss has health impacts, such as headaches, eye-strain, and skin problems. Without controlling for the endogeneity of job insecurity, job insecurity degrades all health indicators. This endogeneity of health and job risks likely reflects two main sources. First, unobserved heterogeneity, such as that due to lifestyle or individual preferences, can influence both health and labour market processes [10] . Second, measurement errors in self-reported health surveys or using poor health as a reason to justify unemployment, might create substantial endogeneity biases [34] .
Another major source of endogeneity is likely to be reciprocity : Labour activities and health affect each other. Few studies take this simultaneity into account, though [31] propose a bivariate model with a lagged dependent variable to analyze dynamics in health and labour market risk. This approach offers the advantage of addressing endogeneity problems and allowing for a dynamic analysis. Accordingly, these authors show that recent health conditions affect current labour market risk, and vice versa, and that this dynamic is strongly persistent. Such persistence effects also may be due to favorable or unfavorable initial conditions for health and employment [35] . Haan and Myck [36] , and Arulampalam and Stewart [31] do not address these potential contingencies. Neglecting these initial conditions could bias estimates of the simultaneity effect between health and employment status. A presentation of the health-employment nexus is available in [38] or in [37] .
Finally, we lack clear definitions of all the links between health and job risks. With this article, we propose an innovative methodology for identifying and assessing all the complex links between health and employment paths. With our modeling approach, we can jointly estimate the two phenomena. We assume sequential causality, as in [39, 40] or [31] , such that the most recent health status can influence the current labour market status, and the last event in the labour market affects the current period health status. We also account for unobserved heterogeneity and persistence in the two processes over time [41] . Finally, following [42] , we control for initial conditions.
As previous empirical work, we aim to establish whether causality exists between health and employment, as well as to define its meaning and scope. In this paper, we make use of the Granger causality framework which assesses only a better predictability for a variable, based on another one. This interpretation of the Granger causality has to be separate from the "cause-effect" relationship concept which is more difficult to assess in social sciences. Nevertheless, it help us to derive insights and guidance for economic policies. If health and employment are independent, policy makers can use disconnected instruments. If single causation exists instead (e.g., job transitions explain health paths but health does not affect job risks), it will be necessary to monitor the effects of an employment-centered policy on health. Finally, if dual causality exists, only the joint design of health and employment policies can improve health and employment simultaneously.
The estimates in this study feature a sample of French individuals who completed the Santé et Itinéraire Professionnel (SIP) survey (DARES (Direction de l' Animation de la Recherche, des Etudes et des Statistiques), the statistical bureau of the French administration for Labor Affairs) , DREES (Direction de la Recherche, des Etudes, de l'Evaluation et des Statistiques), the statistical bureau of the French administration for Health Affairs), 2006). This survey (see "Background" section) indicates, for each year since the participant finished school until 2006, all individual events related to health and labour market status. With this long panel data, we can better control for unobserved heterogeneity compared with using cross-sectional data. Moreover, this survey provides empirical evidence of the links between health and labour market paths in France, whereas prior literature has focussed on U.S., British, or Australian data. Significant institutional differences (in terms of legislation regulating the labour market and rules governing health systems) exist across these countries, which limits the generalizability of the results obtained in Englishspeaking countries to the French case. Focusing on the French case thus might provide new insights and clarify the links between health and labour market transitions, by addressing them in a different kind of health care system. "Background" section presents the relevant data for this analysis. French longitudinal survey on health and work: SIP" section outlines the innovative methodology we have implemented to investigate the complex links between health and labour market transitions. After we present and discuss the results in "Econometric framework" section, we conclude with some implications and directions for further research.
French longitudinal survey on health and work: SIP
Conducted in 2006 by DARES and DREES, the Santé et Itinéraire Professionnel (SIP) survey gathered information about 13,991 individuals, aged from 20 to 74 years [43] . This survey describes individual paths on the job market and health status. Each respondent provides the information about previous conditions. The survey data also include socioeconomic information, such as gender, age, grades, income, and ethnicity.
Because we seek to analyze events during people's professional lives, we exclude those who never entered the job market. We also exclude those who entered before 1962, to observe macroeconomic conditions that may affect individual transitions in the labour market. After data processing, we obtained a sample of 10,569 persons who provided detailed information about their participation in the labour market and their health status, spanning the full professional path of each individual, from the end of schooling to retirement. On average, each respondent thus provides information about a period of 26 years 1 . Pooling the data across all years produces a dataset with 255,206 observations.
For each year of professional life, we distinguish four categories for job status :
• Long time period employments, which last at least five years.
• Short time period employments, which last less than five years.
• Unemployment periods, which last more than one year.
• Out of job market time periods, which last more than one year.
With the first two items, we define all respondents who report being employed in a long-term or short-term job as employed for that given year. Our definition of employed people is thus quite expansive, because non-employment status covers both unemployment and non-participation. In addition, the SIP survey does not offer a means to observe short-term (shorter than one year) unemployment or inactivity. Being employed during a particular year in the survey does not imply that individuals were employed for the entire year though, so measurement errors could arise for the labour market status variable. To avoid this bias, and as robustness tests, we also consider long-term inactivity and unemployment status. These two items also are binary variables, equal to 1 if the respondent is inactive or unemployed for the entire given year.
Moreover, participants self-report whether they have encountered illnesses during a given year. With these data, we can construct a health indicator as a binary variable, equal to 1 if the respondent reports any illness.
Thus, we have two variables: one for health status and one for job status. In the French health care system, level of health insurance is very high. Individuals can receive large benefits from the system when they get any illness. Illness may imply a temporary or permanent job cut. many people in the sample do experience a temporary job cut in case of illness but they resume their job after the end of illness. This imply that some individuals may have the same professional status over time but with some spells of illness.
For a better understanding of health status, we also create a more qualitative indicator, similar to [11] . For each illness reported in the survey, we know the corresponding World Health Organization's ICD 2 . That code also reveals an indicator of severity and an indicator of disability according to the mapping created by the Institut de Recherche et de Documentation en Économie de la Santé (IRDES). The severity index indicates if the illness is related to a risk of death; the disability index determines if the illness affects the person's daily life. With this information, we create binary dummy variables to establish whether the risk of death is large (rdeath=1) and whether the disability index is large (disab=1). In turn, we create a percentage measure to reflect the extent to which each situation occurs over the course of the respondent's full working life.
Because we know the length of each respondent's professional life, we can calculate synthetic indicators of the professional and health paths: the percentage of professional life with at least one illness and the share of employment, unemployment, and out-of-job market periods in professional life (see Table 1 ).
As this table shows (means in column 2 and standard deviations in column 3), employment periods represent a large fraction of the professional life. Only 3.4% of professional life involved long-term unemployment, and 10.3% occurred out of the job market. Illness periods represented almost 18% of the professional life.
Moreover, exploiting the longitudinal dimension of our data, we examine the conditional outcome in period t, conditional on the respondents' self-assessed statuses in the labour market and health in period t − 1 ( Table 2) . We find considerable persistence in both the labour market and health paths. For example, conditional on being employed in t−1, about 97.8% of respondents report being employed in t (on pooled sample). Table 1 also presents the labour force status against lagged self-reported health, using the pooled sample. It highlights the negative relationship between poor health and employment. Respondents who declare a disease in t −1 are more likely to be unemployed or out of the labour market in t. But these statistics also suggest evidence of a reverse link, as suggested in prior literature. Table 1 also contains the health status against the lagged labour market indicators, using the pooled sample. Finally, persistence and simultaneity seem to characterize health and labour market processes.
In addition, some individual attributes can be observed 3 . Table 3 provides the information pertaining to these variables for the pooled sample and for sub-samples defined according the labour market and health status.
According to these descriptive statistics, persons who do not participate to the labour market in a given year are more likely to have certain specific characteristics. As expected, females, less educated people, and those with children are more likely to be out of the labour market. Conversely, among the employed, we count more men and people with academic degrees. Table 3 also shows that female, French people and those with academic degrees report more numerous illness periods. These statistics do not necessarily mean that respondents suffer poorer health; they might just be more concerned about their health and thus declare more illnesses.
Finally, these descriptive statistics argue for taking simultaneity and persistence effects into account to obtain a robust analysis of causality links between health and employment status. We present an econometric framework to fulfil that goal.
Econometric framework
Assessing causality
We first define two dependent variables: health condition (h = 1 if an illness is declared, h = 0 otherwise) and job status (w = 1 if employed, long or short time periods, w = 0 otherwise). From the SIP data set, we can observe h and w for each individual i and each year t. Thus, we model the interactions between h it and w it while accounting for two issues : the path dynamics of each event (and particularly the inertia of each path) and the link between each path. In Fig. 1 , we present all the links that may exist between the two events over time.
In the basic example in Fig. 1 , four different interactions appear. Links A and B represent the effect of a health outcome (job status) at time t − 1 on job status (health outcome) at time t. Inertia can also exist (links C and D, such that the probability of being in a good health condition at time t − 1 influences the health condition at time t). Finally, various sets of control variables may influence h and w.
To identify all these links clearly, we used the causality concept, introduced by [44] . It defines better predictability for a variable h according to the use of its lag values, the lag value of another variable w, and some controls X. Note that an analogous definition holds for Granger noncausality from h to w. [44] distinguishes instantaneous causality, such that w t is causing h t (if w t is included in the model, it improves the predictability of h t ) from lag causality , in which case the lag values of w improve the predictability of h t .
The model specification that we are building considers health status h and job status w as the main variables. Because of the strong persistence of individual health statuses across time, we do include the lagged value of health to explain current health (Eq. 1). To explain job status and to assess causality, we also use the lagged value of health (Eq. 2). This methodology contrasts with models that use a shock in health status to explain (for example) job status and to assess causality (see [45, 46] or [47] ). In these cases and in our paper, the main issue remains the same: is the health variable exogenous? In our model, the bivariate panel data model takes care of the issue.
Panel data case
Various approaches can be used to test noncausality on panel data. Contrarily to [48] who assume that the causal effects are individual specific, we suppose that the effects are homogeneous among all individuals and at all time .
Since h t and w t are binary outcome variables, we can use latent variables (h * and w * ), with the assumption that h and w have a positive outcomes (equal to 1) if their latent variables are positive. Then, the model specification is:
where η 1 i , η 2 i denotes the individual random effects that has mean zero and covariance matrix η , and ζ 1 it , ζ 2 it denotes the idiosyncratic shocks that has mean zero and covariance matrix ζ , with
Testing for Granger noncausality is equivalent to testing H0 : δ 12 = 0 for the prediction that w is not causing h and to testing H0 : δ 21 = 0 for the prediction that h is not causing w.
In our specification, we have ruled out the instantaneous causality as we want to highlight temporarily lagged effects. In our case, looking at instantaneous causality at period t is of no interest because of the lack of within year information, as in [49] . In addition, within year job transitions are rather scarce. Within the full population, 86% of individuals have a job at a given time period. More precisely, 68% have a long time period job (more than 5 years) and 18% have a short time period job (less than 5 years).
Initial conditions
For the first wave of the panel (initial condition), there is a lack of data for the previous state of h and w (h i,0 and w i,0 are not observed). Thus, P(h i1 , w i1 |h i,0 , w i,0 , X i ) cannot be evaluated. Ignoring it in the individual overall likelihood, implies also ignoring the data generation process for the first wave of the panel. This means that the data generating process of the first wave of the panel is exogenous or in equilibrium. These assumptions hold only if the individual random effects are degenerated. Otherwise, the initial conditions can be explained by the individual random effects, then ignoring them leads to inconsistent parameter estimates [35] .
The solution proposed by [35] for the univariate case and generalized to the bivariate case by [39] is to estimate a static equations for the initial conditions. In these static equations, the random effects are a linear combination of the random effects of the dynamic equations. Different idiosyncratic errors terms are specified for the initial conditions. Formally, the initial conditions equations are given by:
are the idiosyncratic errors with mean zero and covariance matrix = 1 ρ ρ 1 .
Since η 1 and η 2 are individual random effects for h and w, λ 12 and λ 21 can be interpreted as the effect of η 1 (respectively η 2 ) on w (respectively h) for the first wave of the panel.
Estimation methods for health and job paths
Finally, because we want to estimate the dynamics of health (h) and job status (w), we set the Eqs. 1 and 2 for each time period (t > 1) and the Eqs. 3 and 4 for initial conditions.
In Eqs. 1 to 4, many characteristics simultaneously affect health and labour market processes. To achieve the estimations, we also need at least two exclusion restrictions. The variable for the labour market status equation is the national unemployment rate (source: Institut National de Statistiques et d'Etudes Economiques, INSEE). The exclusion restriction for health status is set according to the physician per population ratio, also known as the medical density [50] . Equations 1 and 2 can be consistently estimated under assumption that η i and ζ it have symmetric distributions [35] . The individual level likelihood is given by:
Where
Since the likelihood function has an intractable form, its estimation involves the use of a numerical integration methods. There are two main methods to estimate our likelihood function: the Gauss-Hermite quadrature (GHQ) and the maximum simulated likelihood (MSL). For our estimations, we chose the adaptative Gauss-Hermite quadrature proposed by [51] 4 .
Results and discussion
We present econometric results in Table 4 . In Table 4 , columns (1) and (2) contain the results from bivariate probit regressions for Eqs. 1 and 2. In columns (1') and (2'), we also provide the univariate probit regressions (with no correlation between the two equations) for these equations. We do the same in Table 5 for the initial conditions (Eqs. 3 and 4).
The results clearly reveal persistence effects in the health (δ 11 = 3.8165) and employment (δ 22 = 2.7189) paths. As [31] suggest, we thus confirm the need to study these phenomena dynamically to explain the situation for each individual in terms of her or his health and employment at time t. Evidence for persistence effects also comes from the influence of initial conditions, which depend on various covariates (see Table 5 ). As in Hernãndez-Quevedo et alii [52] , we pay attention to the effects of individual socio-economic characteristics. We find the expected and well-known effects of socio economic variables on initial health and employment status. Men are less likely to declare an illness and to be employed than women. Elderly people have worse health and job statuses than young people. People without French nationality report less illness and poorer job statuses. Family life also affects health and job conditions: Living as a couple lowers the probability of illness and job stability. The more children in the household, the more illness people experience, and the worse job conditions. Education level creates big differences. More educated people have a lower probability of illness and more likely to be employed. We include some interaction terms between gender and some others socio economic variables to account for gender discrimination in terms of health and job statuses. We find that for men, living as a couple increases the probability of job stability but has no significant effect on the probability to report illness. Men with higher school grade are less likely to report illness than women. For initial condition, we also find that for men, living in couple and having an higher number of children increase the probability to enter job market. However, the higher the school grade for men at the initial state, the lower the probability to enter job market.
The main focus of this paper is on the causality between health and employment status. The bivariate estimates in Table 4 offer strong support. The impact of job status on health is reflected by the coefficient δ 12 = 0.2288, such that people who have a job at time t − 1 are more likely to report an illness in the next period t (with an increase of 0.0291 in probability to report an illness at t, see Table 6 for marginal effects). Two factors could explain these results. First, it could highlight a job quality effect. If being employed involves poor conditions, employment status could readily increase the probability of illness, as argued by [28] . Unfortunately the SIP survey does not identify longitudinal job quality, so we cannot identify the distinct effect of good or poor working conditions. Second, in France, the health care and insurance system is generous for employed people. For example, they may make regular appointments with their physician, which gives them access to more efficient health monitoring. As a result, they may be more likely to detect and report a disease.
Reporting an illness at time t−1 lowers the probability of having a job at time t (δ 21 = −0.1927). The marginal effect of illness on the probability of having a job is − 0.039. This result illustrates that an illness often makes it difficult to stay in a job or to find a new job [6] . Our main contribution is thus to conclude that health and employment status do not have a one way causality path but instead show a dual causality effect 5 .
This result derives from taking into account three sources of bias, as described in "Econometric framework" section: persistence effects, initial conditions, and unobserved heterogeneity. If all these biases were neglected, as in univariate probit models (columns (1') and (2) of Table 4 ), estimates of the causality effects between health and employment status would be biased. In our case, we would have wrongly concluded that being employed in previous year has no effect on health.
Finally, the existence of the causality between health and employment status also appears evident in Table 5 . The coefficients λ 11 and λ 22 are both significant, confirming the need to integrate unobserved individual effects η in our model. In addition, the coefficient λ 12 > 0 shows that the unobserved individual effect explaining job status (η 2 ) influences the value of health status at time t = 1. The method we have developed here is based on the existence of a correlation between unobservable variables in Eqs. 1 and 2 and those of Eqs. 3 and 4. Table 4 gives the values of these correlations. In equations for time t > 1 and the initial conditions, correlations between idiosyncratic components are not significant. Therefore, the main unobserved heterogeneity, responsible for the correlation, can be captured with individual-specific effects. In the main equations (t > 1), the correlation between individual-specific effects is negative. Therefore, we call for bivariate panel models to avoid any bias in the estimates. We also establish that individual unobserved factors that explain the probability of having a job (w = 1) are negatively correlated (ρ η = −0.8242 Table 4 ) with individual unobserved factors that explain the probability of declaring an illness (h = 1). Among these unobserved factors, individual intrinsic motivation to job and job satisfaction appear to influence individuals' health 6 .
Taking advantage of the others two indicators of illness (risk of death and disability, Table 2 for descriptive statistics), we provide the estimation results with these variables in Tables 12, 13, 14 and 15. Using these two additional measures of self-reported illnesses gives support to our main results even if we cannot evaluate the bias in our measures [53] . Table 12 contains the bivariate results for the indicator of disability and Table 14 contains the bivariate results for the indicator of risk of death. The causality from poor health to job status is confirmed to be significant by the coefficients δ 21 = −0.4482 for the disability index and δ 21 = −0.4876 for the risk of death. Turning to marginal effects, we find that the same and even a stronger effect of health status on the probability of having a good quality job emerges, compared with the previous health indicator (the marginal effects are − 0.106 for the risk of death indicator see Table 8 ; and − 0.1185 for the indicator of disability, see Table 10 ). When looking at the impact of job status on health, in contrast with our prior result, we find a weakly significant causal effect of job on illness with disability and no significant effect of job on illness with risk of death. We offer two possible interpretations: First, good jobs provide access to better health coverage and increase the probability of reporting an illness (of any kind). Second, having a job is correlated with poor working conditions. When we control for the severity of health conditions, we find additional support for the first interpretation. Even if people appear induced to report an illness when they have a good job and insurance coverage, the illnesses they report are not particularly severe. We find that the marginal effects (see Tables 6, 7 , 8, 9, 10 and 11) of having job on the probability to report an illness high disability index is significant (0.0006) while this effect is not significant (0.0003) on the probability to report an illness with risk of death, contrarily to illness regardless the degree of severity 0.0842. Tables 12 and 14 provide estimated coefficients for our two indicators of illness that account for interaction between gender and others socio economic variables. We find that the higher school grade effect for men does not remain significant. We also find a weak evidence that men with high number of children are less likely to report an illness with risk of disability than women. In terms of initial conditions, there is no discrimination between men and women for the probability of reporting any king of illness.
As with the main health indicator (Table 4) , we find a significant correlation between individual-specific effects of health and the job status equations (ρ η = −0.628, Table 12 and ρ η = −0.691, Table 14 ). The interpretation of the negative sign of these correlations is rather complex. Some unobservable factors that explain the probability of having a job and severe health conditions simultaneously also correlate negatively, such as the existence of specific policies designed to protect the job status of disabled persons.
Finally, and contrary to ( [31] , see page 1124) claim that "accounting for unobserved heterogeneity reduces the magnitude of the estimated coefficients on the lagged endogenous variables and significantly reduces the persistence of both processes", our estimates clearly show that causality links (A and B, Fig. 1 ) are rather strong, regardless of the illness severity.
Conclusions
This article has examined the relationship between health and labour market paths. As some econometric results fail to account for all the links between health and job market status and thus cannot assess any relationship, we propose a method based on a bivariate dynamic probit model that acknowledges the simultaneity effects between the two phenomena, persistence effects, the role of the initial conditions, and the influence of unobserved heterogeneity. Using a French longitudinal survey we analyze complex interlinks between past and current levels of health and labour market paths. Our results regarding the causality between our two economic outcomes are innovative, due to the econometric methodology and the data set we use.
We demonstrate persistence in both processes. Being ill at t − 1 is a significant determinant of current health status. Simultaneously, we observe the same persistence in labour market paths. We also confirm the impact of initial conditions, which depend on an individual attributes and macroeconomic conditions. Taking advantage of this original econometric modeling, which allows us to distinguish between correlation and causality effects, we highlight some significant causal effects between employment and health processes. Being ill at t − 1 is a significant determinant of current labour market status, and lagged employment has a significant effect on the probability of being ill at time t. In addition, we find an influence of unobserved heterogeneity on the causality effects. These effects are strengthened by the existence of individual-specific effects, which are correlated. When taking these effects into account in our bivariate model, we avoid many biases that univariate modeling cannot avoid. In other words, studies who fail to take into account (i) the bidirectional causality between health and employment and (ii) the correlation between unobservables related to health and employment, are not relevant to argue.
As a consequence, our econometric methodology gives us robust estimates of the complex links between health and employment status. As, in our study, we make use of a French data set, we cannot generalize our results to other countries, as can our methodology. Our results therefore argue for a joint design, in France, of health and employment public policies taking interactions between health and employment into account.
Endnotes
1 Excluding the initial lagged period. 2 International Statistical Classification of Diseases and Related Health Problems -10th Revision (ICD-10) 3 Among all these variables, only three (age, number of children, and marital status) vary over time. 4 [54] provide more details about how to make this choice. 5 In order to take the remark of one anonymous referee on the effect of health shocks (changes in disability index or in death risks) on job status, we have created two dummies variables: D1 = 1 if disability index changes from 0 to 1 between t − 1 and t, D1 = 0 otherwise and D2 = 1 if death risks changes from 0 to 1 between t−1 and t, D2 = 0 otherwise. Univariate estimations (available on request) shows no effects of these two variables on job status. 6 Such as mental health [55, 56] Appendix Table 6 Estimated marginal effects on joint and marginal probabilities. Part A: dynamic equations 
